Flood is one of the devastating environmental hazards, causes massive economic breakdown and enormous loss of life, and destructs the houses in the affected areas. The present work intends to prepare the spatial flood susceptibility maps (FSMs) applying the probabilistic models, viz, frequency ratio (FR), weights of evidence (WoE), Shannon's entropy (SE), conditional probability (CP), and certainty factor (CF) and find out the most effective model among them. A supervised neural network technique, i.e., learning vector quantization (LVQ) algorithm, has been employed to trace the involvement of conditioning factors for flood occurrences. For this work, twelve morphological, hydrological, and lithological flood conditioning factors, i.e., elevation, slope steepness, drainage density, distance from the river, plan curvature, topographical wetness index, stream power index, rainfall, normalized difference vegetation index, normalized difference water index, lithology, and land use/land cover, have been employed in the geographic information system (GIS) environment. Weights of each class of each factor have been computed through the four models except Shannon's entropy, as it defines only factor weights. Finally, FSMs of each model are showing 9.61% (FR), 11.69% (WoE), 9.47% (SE), 11.17% (CF), and 10.99% (CP) areas of the basin under the most susceptible zone, respectively. The performances of the models have been evaluated using receiver operating characteristics (ROC) and seven statistical diagnostic tests. The results confirm that the CF and CP models are more adaptable than others. This floodsusceptible map can be used for flood management planning to prevent and lessen anticipated losses.
Introduction
Among many types of natural disasters, viz, landslide, earthquakes, tsunami, volcanic eruptions, and soil erosion, flood is conceived as the most slaughterous and familiar natural disaster in the world, creating multitudinous environmental and socio-economic problems over floodplain during the last decades [25] . Flood can be regarded as the state of water level rise and thereby overflow of water in the active floodplains around the river [29] . Flood affects about 140 million people per year in the world than any other disasters [44] . Throughout the world, more than 20,000 lives are threatened and harmed by flooding each year [81] . In Asia, flood is one of the detrimental hazards as around 90% of anthropogenic losses and damages occur by it [87] . Flood has enormous potential damages to natural resources, agricultural crops, urban areas, transportation, bridges, loss of human beings, loss of animal husbandry, natural ecosystems, cultural heritage, etc. ( [36] ; Markantonis et al. 53) . Recently, over the few decades, due to the rapid rate of urbanization and deforestation and anthropogenic intervention into the natural system, riverside civilization is progressively facing frequent flood risk [17] . Identification of flood-susceptible areas is difficult in developing countries, due to absence of data measured at hydrometric stations [41] . Though it is implausible to prevent flood, the preparation of flood hazard and risk map will check and diminish the adverse effects in advance [36] .
For sustainable development, planning as well as to floodinduced in a watershed, the flood susceptibility map is very much essential [24, 82] . Flood-susceptible areas in the watersheds have been destined using several hydrological methods in geographic information system (GIS) platform with significantly enhanced accuracy [86] . The advanced GIS is widely used in environmental management and modeling and also explores complicated planning strategies, decision-making, and integrated management [33, 100] . Flood susceptibility analysis encompasses with many factors and assigned weights depending on their relative importance through heuristic approaches. Recently, many statistical techniques via the univariate or multivariate models were developed for susceptibility mapping [21, 68] .
Flood susceptibility assessment can be classified into three foremost types grounded on aforementioned works: (i) the hydrological models for instance SWAT [58] , HYDROTEL [2] , and LISFLOOD-FP [31] , (ii) the statistical models, for example, the analytic hierarchy process [40, 74] , frequency ratio [77, 94] , logistic regression [55] , weights of evidence [77, 92] , Shannon's entropy [29] , evidential belief function [73] , multi-criteria decision analysis [27] , and fuzzy logic [71, 104] , and (iii) the machine learning models, for example, random forest [49] artificial neural network [42] , decision tree [93] , support vector machine [95] , k-nearest neighbor [51] , and boosted tree [49] . The data mining methods, e.g., some statistical and machine learning models, have been extensively used in landslide susceptibility mapping [10, [13] [14] [15] 22] , groundwater potential analysis [9, 12] , gully erosion susceptibility zoning [72, 102] , and other fields. The FR (frequency ratio) model was proficiently adopted in flood risk mapping to diminish the flood hazard and damages in Busan, South Korea [48] .
Recently, a large number of research works have been conducted employing the probabilistic models in environmental risk modeling and supervision. Agricultural activities are prime economic activities in Bansloi River catchment. The most destructive floods were experienced in this flood plain river basin in 1995, 2000, 2004 , and 2007 from the last 25 years. Heavy rainfall within a shorter period of time and accumulation of surface runoff inundate low elevated regions especially in the eastern part of this basin. Since the last few decades, the flood hazard has severely caused huge loss of agricultural and economic sectors and biotic community in this basin as well as large flood plain topography of Ganga, Bharirathi, Koshi, and Damodar basins in eastern India. Application of the simple statistical models, comparative assessment among the produced results, and tracing out the effective factors of flood hazard in this area are fruitful, so that the measures and provisioning can be initiated to avert the losses. Low cost, less workforce, time efficiency, etc. are the benefits of these simple statistical models [102] . In this context, application of the simple statistical models which represents greater accuracy is rational and affordable compared with the complex and advanced models in the field of decision-making and risk assessment. The purpose of the present work is to prepare the flood susceptibility maps (FSMs) based on the five statistical data-driven probabilistic models, viz, frequency ratio (FR), weights of evidence (WoE), Shannon's entropy (SE), certainty factor (CF), and conditional probability (CP) and to examine the performance of these models in assessing the flood-prone areas of Bansloi River basin, while these declared models can perform in several kinds of independent variables, e.g., binary categorical, ordinal, or continuous, and very few researchers applied statistical models, especially conditional probability and certainty factor for assessment of flood susceptibility.
Study Area
Bansloi River basin is an important plateau fringe river basin of eastern India and it is a sub-basin of Ganga-Bhagirathi River system. This basin lies between 24°26′55″ N to 24°47′ 44″ N latitude and 87°13′51″ E to 88°03′6″ E longitude and encompasses 1859 km 2 out of which 1617 km 2 of this watershed extended over in northeastern part of Jharkhand (Pakur, Dumka, Godda, and Sahibganj districts) and 242 km 2 extended over middle part of West Bengal (Murshidabad and Birbhum districts) (Fig. 1) . It is 6th order river, and Torai, Krilor, etc. are the major tributaries. Topographically, this watershed is a fringe area of Chhotonagpur plateau and elevation ranges from − 9 to 581 m. This basin is dominated by southeast monsoon climate, and rainfall primarily occurs in monsoon season (July to October). The amount of rainfall received 1358.57 mm per annum . The highest temperature reaches up to 40°C in the summer season and lowest temperature fall up to 4°C in the winter season. This area is mainly covered by clayey, loamy soil texture type. Agriculture land covers most part of this basin and mostly depends on monsoonal rainfall. Sixteen census towns and two statutory towns (Pakur and Dhulian) are partially or fully located in this watershed, but most of the basin dwellers are living in the agro-rural areas.
Materials and Methods
Satellite images, DEM, geological map, and weather-related information were collected from secondary information, and their sources are represented in Table 1 . The current study was completed through four steps including (1) flood inventory mapping, (2) selection of effective predisposing factors that influence on flood susceptibility using the learning vector quantization (LVQ) method, (3) mapping the flood susceptibility applying frequency ratio (FR), weights of evidence (WoE), Shannon's entropy (SE), certainty factor (CF), and conditional probability (CP) models, and (4) these models were evaluated and compared using the statistical evaluation measures and predicted the best model (Fig. 2) .
Creation of Flood Inventory Map
The future flood event in an area can be predicted on the basis of a historical flood event [65] , and the flood-affected areas of the past records and adjacent areas have more possibility of flooding [96] . Hence, flood inventory map is envisaged as a significant factor to explain the association ship between flood incidence and its drivers for estimation of a future flood event [77] . In this present study, flood inventory map was produced taking 206 flood locations using documentary sources of flood-affected villages from block level disaster management offices, Bhuvan's annual flood inundation map, and field survey with GPS (GARMIN Global Positioning System) device during 2000 to 2017. The flood inventory dataset was split randomly into two parts, viz, 70% (144 flood location) as 
Flood Conditioning Factors
In this present study, 12 predisposing factors were selected based on widespread literatures (Table 2) , including elevation, slope steepness, drainage density, distance from the river, plan curvature, topographic wetness index (TWI), stream power index (SPI), average monsoonal rainfall, normalized difference vegetation index (NDVI), normalized difference water index (NDWI), lithology, and land use/land cover (LULC) (Fig. 3a-l ). All these factors are very much effective for proper delineation of flood-susceptible areas.
Elevation
Elevation has a significant role in flood occurrence (Li et al. 2012 ; [77] ). Lower altitude is prone to flood (Li et al. 38) , and in this river basin, lower elevated areas are located in the eastern part which is more susceptible for flood hazard. Elevation map was collected from the digital elevation model (DEM) of shuttle radar topography mission (SRTM) at spatial resolution 30 m × 30 m (Fig. 3a) .
Slope Steepness
Slope steepness map was taken into account as a surface indicator for recognition of flood susceptibility, and it determines the amount of surface runoff and percolation rate [74] . Flat areas with low elevation may offer quicker flood situation, and this condition was found in eastern part of this basin. In this study, slope steepness map was prepared from DEM using surface analysis tool in ArcGIS 10.2.1 software (Fig. 3b) .
Drainage Density
Drainage density implies to state the intensity and concentration of streams per unit area [35] . Waterway network of the catchment discloses the way of water flows in the basin [90] . The major streams were extracted from topographical maps in collaboration within the digital elevation model to compute the drainage density per square kilometer for this basin (Fig. 3c ).
Distance from the River
Rainfall events increase discharge and create sediment accumulation in surrounding areas of the main rivers which promote flood occurrences in those areas [1] . The terrestrial waterbodies adjacent to the river lines accelerate regional flood risk [78] . In this Bansloi watershed, flood happened at confluence areas where many large rivers are joined together, and the main river is also divided into many distributaries. Stream ordering was done using Strahler's stream ordering method [89] . Flood event mainly occurs to the adjacent areas of 5th and 6th order rivers in this basin. In this regard, only the buffering of 5th and 6th order rivers was considered for better prediction of flood susceptibility assessment, and this map was produced based on Euclidian distance method (spatial analyst tool) in ArcGIS 10.2.1 environment (Fig. 3d) .
Plan Curvature
Plan curvature has a feasible role for potential flood location of watersheds [29] . Plan curvature was distinguished into 3 categories: (i) concave (negative curvature), (ii) flat (zero curvature), and (iii) convex (positive curvature) using DEM (Fig. 3e) . Concave and flat curvature zones are more prone to flood.
Topographic Wetness Index
The "TWI" (topographical wetness index) demonstrates the effect of topography on spatial spreading and saturation for runoff generation [84] , and it is an effective physical attribute for the flood inundation of a region [88] . The TWI map was prepared based on Eq. 1 [3] (Fig. 3f) .
where "A s " is the specific catchment area in meters and slope in degrees.
Stream Power Index
The "SPI" quantifies the erosive power of surface water based on assumed discharge which directly stimulates toe erosion and river incision [56] . The high SPI was created in confined channels developed in catastrophic channel transformation [26] . "SPI" was calculated using Eq. 2 [54] (Fig. 3g) . where "A s " is the specific catchment area in meters and slope in degrees.
Average Monsoonal Rainfall
Many previous literature studies revealed that there is a significant correlation between rainfall and flood event [5, 103] . Rainfall is a foremost agent of flood occurrence [83] , and its amount is the crucial reason for flooding. Flood intensity proportionally increases with increasing the amount of rainfall [39] . This study area is dominated by southeast monsoon climate, and above 80% of precipitation occurred in a monsoonal month (June to October). The average monsoonal rainfall of 40 years (1978-2017) was taken into consideration for flood susceptibility. This rainfall map was prepared using spline interpolation method considering the weather station located in the study area and surrounding the study area. The higher monsoonal rainfall has found in eastern part of the basin (Fig. 3h) .
Normalized Difference Vegetation Index
The flood-affected areas can be identified by NDVI [46] . It also reveals the phenological nature of vegetation and crops, surface coverages, and inundation recapitulation in a drainage basin [52] . The NDVI index was performed with Eq. 3: where NIR and R are the near-infrared band and red band, respectively. The lower NDVI was found in eastern part of the basin (Fig. 3i ).
Normalized Difference Water Index
The NDWI is very sensitive to the surface water [19] . Jain et al. (37) efficiently used NDWI for delineation of floodprone areas in Bihar, India. The positive NDWI represents water body, and zero or negative value represents soil and terrestrial vegetation cover [91] . So, this index provides information of water body, terrestrial vegetation, and soil. The NDWI was computed (Eq. 4) as follows:
where G and NIR are the green and near-infrared bands, respectively. The lower NDVI was found in eastern part of the basin (Fig. 3j ).
Lithology
Lithology is an important parameter for natural hazard assessment because it directly controls the surface runoff and permeability rate [32] . The variation of lithological characteristics over drainage basin may affect the river hydrological behavior and spatial flood condition [80] . In this study, 13 lithological layers were found over the basin as proclaimed by the Geological Survey of India (Table 3) . Hornblende schist amphibolite (oldest) deposited during the Archean period was found in the middle western part, and an alternate layer of sand silt clay was created (newest deposit) in late Holocene period around the confluence areas of Bansloi River basin (Fig. 3k ).
Land Use/Land Cover
Land use/land cover (LULC) is a significant factor for flood susceptibility which directly or indirectly effects on some hydrological processes such as surface runoff, evapotranspiration, and infiltration regulation [66] . LULC map of Bansloi watershed constructed through a supervised classification method using LANDSAT 8 (OLI) imagery ( 
Analysis of Contribution of Flood Conditioning Factors
Selection and recognition of contribution of flood conditioning factors for the prediction of flood-susceptible areas of a region is an important task. The learning vector quantization (LVQ) method has efficiently employed in different fields of susceptibility mapping [60, 75] . In the present study, the comparative performance of the conditioning factors (independent factor) to flood event (i.e., dependent factor) was computed applying the LVQ method. The detailed discussion of the LVQ method has been made by Kohonen [43] , Kohonen et al. (45) , and Termeh et al. [96] . This LVQ algorithm was performed in R statistical software.
Flood Susceptibility Modeling

Frequency Ratio Model
The FR is the proportion of feasibility of an incident and nonincident for specified exorcism [4] . The FR model predicts that in the future, flood will occur if the same conditions exist as like the past [50] . It can be expressed as follows:
where, f is the amount of flood pixels in the sub-class of flood influencing factor; tf is the total amount of flood pixels; x is the amount of pixels in the sub-class area of flood conditioning factor; tx is the total amount of pixels [79] . Thus, "FR" was calculated for each factor's sub-class. The higher value of FR shows the stronger association between flood event and specified factor's attributes. Finally, flood susceptibility index (FSI) can be calculated by addition of all pixels according to Eq. 6:
where FSI is the flood susceptibility index, FR i is the frequency ratio of a factor, and n is the total number of applied factors.
Weights of Evidence Model
Among the bivariate statistical models, Bayesian's WoE model describes the comparative weight of predisposing factors by statistical averages [77] . This model enumerated influence of each flood conditioning factors (X) based on the appearance or nonappearance of the flood location (Y) is computed [4] using Eqs. 7 and 8. where P is the possibility and ln is the natural log function. X and X ̅are the appearance or nonappearance of the flood conditioning factors, respectively. Likewise, Y and Y ̅are the appearance and nonappearance of flood location, respectively. The positive weight (W + ) and negative weight (W − ) imply the positive and negative interrelationship between the flood conditioning factor and the flood occurrences, respectively [70] . The weight contrast (C) is the differentiation between W + and W − and expresses the spatial association between predisposing variables and flood event.
where S(C) is standard deviation of weight contrast. S ) are the variance of the positive and negative weights, respectively, and these can be computed as follows [4] :
Then, the final weight (W final ) is calculated by the following Eq. 13:
W final performs as an informal experiment when C will not be zero [4] . Then, the weights of the factors (W final ) were added, and finally, flood susceptibility index (FSI) was computed for each pixel of the study area based on the following equation:
where FSI is the flood susceptibility index, and W final is the final weight for the WoE model. The final "WoE" map was computed through raster calculator tool in ArcGIS 10.2.1 software.
Shannon's Entropy Model
The entropy reveals the spread of impermanence, chaos, inequality, and improbability of a scheme [101] . This method estimates the main influencing factor among all conditioning factors. Equations 15-20 were applied to prioritize the affecting flood event and to prepare flood susceptibility map [29] :
where FR is the frequency ratio, b and d are the domain and flood percentages, respectively, (P ij ) is the likelihood density, H j and H jmax denote to entropy values, n j is the number of subclasses, I j represents the information coefficient, and W j indicates the ultimate weight value for the factor. The W j value varies from 0 to 1, and the value closer to 1 signifies the greater the instability and vice versa. The calculated weight for different factors is displayed in Table 5 and Fig. 5m . The total flood susceptibility index for the study area was computed as follows:
where FSI is the flood susceptibility index; i is the number of conditioning factors (1; 2; …; n); z is the maximum number of classes within conditioning factor; m i is the number of classes within particular factor map; C is the secondary division value of the particular class; W j is the factor weight. Finally, FSM was prepared in ArcGIS 10.2.1 environment using Eq. 22. 
Certainty Factor Model
The CF model is deliberated and exploratory analysis for natural hazard susceptibility [18] . The CF model was primarily stated by Shortliffe and Buchanan [85] and later modified by Heckerman [30] :
where CF ij is the certainty factor conferred to a particular class of variable j. p ij is the flood conditional probability in class i of factor j, and p is the prior probability containing a total number of flood event. The "CF" value varies from − 1 to + 1. The lowest CF value − 1 implies absolutely wrong and + 1 implies absolutely true. A positive and negative value signifies an intensifying and declining certainty in flood event, respectively. Then, the computed CF maps were assembled pairwise. The assembled two CF maps X and Y reveal as Z in Eq. 28.
The final flood susceptibility index was achieved as combining all the CF layers.
Conditional Probability Model
Bayes expressed conditional probability theorem mathematically and CP link and combine the spatial data to predict occurrences of events [4, 97] . "CP" is a measure of the probability of a hypothesis being true or false in a certain piece of evidence [28] .
CP is denoted mathematically as P(X/Y) (Eq. 25) [23] .
The Bayesian law is delivered in Eqs. 29 and 30 and considering X as flood event (dependent) and Y 1 , Y 2 , …, Y n as flood conditioning factors (independent).
The final FSM was prepared utilizing Eq. 30 ( Fig. 6e ) in ArcGIS platform and P(X/Y), P(Y), and P(X) are displayed in Table 5 .
To make the results easier to interpret, the calculated final flood susceptibility index (FSI) values were classified. In this study, among the several classifying methods, the natural break classification algorithm [62, 63, 79] was applied to divide FSI map into five classes (viz, very low, low, moderate, high, very high), and a flood susceptibility map (FSM) was prepared. Subsequently, the same classification method was applied for the weights of evidence (WoE), Shannon's entropy (SE), certainty factor (CF), and conditional probability (CP) models.
Validation and Comparison of Methods
The results of the different models for spatial flood susceptibility were validated using training and validation datasets [34] . All models were assessed, applying a set of quantitative statistical measures, including precision (positive predictive value), sensitivity (true positive rate), specificity, accuracy, root mean squared error (RMSE), mean absolute error (MAE), Cohen's kappa test, and receiver operating characteristic curve (ROC). The confusion matrix was constructed utilizing training and validation datasets (Tables 7 and 8 ). The true positive (TP) and false positive (FP) are portrayed as the total number of flood pixel correctly and erroneously classified as flood event. On the other hand, true negative (TN) and false negative (FN) illustrate the number of pixels correctly and incorrectly categorized as non-flood event [8] . Chapi et al. [8] has discussed in detail about the methods of ROC.
The kappa coefficient was utilized to assess the dependability of the flood models [47] . The kappa coefficient (K) is calculated as the proportion of observed (P obs ) and expected agreements (P exp ) as follows:
where P obs and P exp are the percentages of pixels that are correctly categorized as flood or non-flood and the percentage of pixels for which the agreement is estimated by chance, respectively [76] . P obs and P exp can be expressed as [8] :
The performance model according to Cohen's kappa index (K) can be classified as ≤ 0 (poor), 0-0.2 (slight), 0.2-0.4 (fair), 0.4-0.6 (moderate), 0.6-0.8 (substantial), and 0.8-1 (almost perfect) [47] . Besides, the FSM also assessed employing the RMSE and MAE tests [6, 42] . MAE was utilized for validation of the models.
where n is the total number of samples in the training/validation dataset; X pred is the predicted value in the training/validation dataset; X act is the actual (observed) value from the training/ validation dataset of the flood susceptibility model [98, 99] . Receiver operating characteristic (ROC) expresses the prognostic power and quality of the probabilistic models, which have often been applied in geo-hazard modeling studies ( [11] ; Bui et al. 2016a ). The area under the ROC curve (AUC) represents the statistical summary of model performance and utilized to validate and compare the models [7] . The higher AUC value expresses better prediction capacity of the accomplished model, and an AUC value of 1 denotes perfect performance of the model [7] .
Results
Application of LVQ Algorithm for Variable Contribution Analysis
The results from the LVQ technique are presented in Fig. 4 , and according to these, monsoonal rainfall (VI = 63%), elevation (VI = 61.1%), and distance from the river (VI = 58.6%) are the most important conditioning factors, followed by NDVI (VI = 55.6%), lithology (VI = 53.2%), NDWI (VI = 52.6%), LULC (VI = 52.3%), slope steepness (VI = 51.8%), drainage density (VI = 50%), plan curvature (VI = 49.4%), TWI (VI = 47%), and SPI (VI = 46.5%). Hence, all these conditioning factors were selected for FSM, because they have a significant role in flood occurrence in the study area.
Application of Frequency Ratio Model
The FR model was applied to measure the interrelationship between flood existence and conditioning factors, and the results are represented in Table 4 . For LULCs, water bodies, agricultural land, and built-up area have FR values of 1.38, 1.34, and 1.12, respectively. The agricultural and built-up areas displayed the positive impact on flood conditioning because the impervious areas increase the storm runoff and consequently increase the flood intensity. In the case of distance from the river, the range 0-1933.2 m and 1933.2-4349.7 m had the highest FR values (3.04 and 0.17), and it was confirmed that the flood mainly happens adjacent to the river bank. Analysis of FR between flood location and elevation expresses that the lower elevation class (− 9-67 m) had the highest FR (2.28). About 99% of the floods occurred in this class. As elevation increases, FR value of flood event reduces. The same condition had also happened with slope steepness. Flood events were most abundant in 0-3.44°s lope classes (FR = 2.37), and the flood event probability decreases with increasing slope steepness [77] . In plan curvature, the flat land had the highest FR value (1.99) and followed by concave (0.74) and convex (0.68) classes. For TWI, the highest FR value was found in 1.29-2.60 classes (1. classes. Flood susceptibility had increased with the decreased of NDVI value, but the reverse condition was found in the case of NDWI. In the case of lithology, hard clays impregnated with caliche podules had the highest FR value (0.53) followed by other lithological units. The highest FR value (3.53) was obtained in higher rainfall class (1106-1113 mm). Higher rainfall stimulates flood occurrences [57] where about 99% of flood events occurred in 1106-1113 mm rainfall category. Final FSM prepared by the FR model had been depicted in Fig. 6a. 
Application of Weights of Evidence Model
Based on the previous flood records, Table 4 shows the weight of each of the factor's class and the correlation between flood locations and conditioning factors. According to the results, elevation class − 9-67 m had the highest W final or C/S(C) value (5.21), and other high elevation classes had negative weights that clearly indicate the areas with low elevation have the highest probability of flooding which have similar findings of Rahmati et al. [77] . In slope steepness, the slope from 0 to 3.44°had only positive C/S(C) weight (6.03); this class has valuable impacts in flooding. The drainage density is determined by the nature and elevation of bedrocks, slope steepness, and fracture characters [20] . The drainage density 0-1.24 km/km 2 had the highest studentized value (C/S(C) = 6.81), and C/S(C) value decreases with the increasing drainage density. The distance from the river 0-1933.2 m class indicated a positive influence on flood (C/S(C) = 9.37), whereas the areas far away from the river embodied the negative correlation with flood event which matched with the finding of Haghizadeh et al. [29] . For plan curvature, the flat area had a potent affirmative relation with flood incidence (C/S(C) = 6.42), and concave and convex classes had − 2.26 and − 3.61 C/S(C) weight, respectively. TWI class had the highest C/S(C) value (1.46) for 1.29-2.60 class followed by 4.11-6. .04), and the weights were decreased for higher NDVI classes. The NDVI can represent vegetation density in a better way and exhibit a negative relationship with flooding ). The reverse situation was found in the case of NDWI. For lithology, alternating layers of sand silt clays and hard clays impregnated with caliche podule layers had the higher probability of flooding and acquired 17.45 and 12.17 C/S(C) values, respectively. In the case of rainfall, the highest C/S(C) weight achieved 5.88 for the maximum monsoonal rainfall class (1106-1113 mm), followed by 1097-1106 mm class (− 3.78), and others showed 0 rating. Therefore, the maximum monsoonal rainfall class has the strongest relationship with flood events. The final FSM formed by the WoE model is presented in Fig. 6b. 
Application of Shannon's Entropy Model
Based on W j value of the SE model, it is realized that lithology (0.77), average monsoonal rainfall (0.69), distance from the (Fig. 5m) . The drainage density (W j = 0.25), slope steepness (W j = 0.24), LULC (W j = 0.20), and plan curvature (W j = 0.14) factors are moderately responsible for inducing the flood condition, while lowest W j ratings were vested to the factors of SPI (0.04) and TWI (0.01) ( Table 5 ). The P ij values of all factor show the similar results with FR models, which was agreed with the obtained result of Zabihi et al. [102] . The final FSM by using the SE model is presented in Fig. 6c .
Application of Certainty Factor Model
The final flood susceptibility map prepared by the "CF" model is represented in Fig. 6d . The results of the spatial interrelationship between flood event and conditioning factors utilizing this model are represented in Table 5 . The lowest elevation class (− 9 to 67 m) had the highest CF rating (0. elevation. The slope steepness class 0-3.44 had the highest value of CF (0.39), and flood occurrence decreases with increasing slope steepness. The lowest drainage density class (0-1.24 km/km 2 ) was more prone to flooding. Flood event mainly appeared surrounding the main rivers, and only positive CF value (0.67) was found in the 0-1933.2 m stretch. In the case of plan curvature, the CF value is positive (0.50) only on flat curvatures followed by concave and convex curvatures − 0.26 and − 0.38, respectively. The TWI class 1.29-2.60 had the highest value of CF (0.15), and also positive CF shows in high TWI classes. For the lithology, it can be seen that the alternating layers of sand, silt clays (CF = 0.88), and hard clays impregnated with caliche podules (CF = 0.83) found to be more susceptible to flooding. Within the land use/land cover types, water body had the highest rating of 0.28, agricultural land had 0.25 rating, built-up land had 0.11 rating, scattered vegetation had − 0.22 rating, and dense forest, sand deposits, fallow land, and bare land had the lowest ratings of − 1. Agriculture land and water bodies are more prone to flood as compared with the dense forest areas. The probability of flood event increases with the increase of rainfall, and the maximum monsoonal rainfall class (1106-1113 mm) showed the highest CF rating of 0.72. The flood occurrence decreases with the increased NDVI value and decreased NDWI values.
Application of Conditional Probability Model
The degree of contribution to flood occurrences of all flood conditioning factors and sub-classes was established using the CP model and presented in Table 5 and Fig. 5 . In the case of elevation and slope steepness, the highest probability of flood was found in low elevated areas with lower slope [77] . Slope degree regulates surface runoff, permeability rate, and water flow speed. The low drainage density classes had a better possibility of flood occurrences. According to CP result, the areas adjacent to the main river had the strongest chances of inundation rather than far away from the main river which is corresponded with the finding of Rahmati et al. [77] ; Chapi et al. [8] . Plan curvature showed that flat land had the highest flood occurrence probability. The highest possibility of flood was set up in 1.29-2.60 TWI classes, − 9.21 to − 5.28 SPI class, and alternating layers of sand and silt clay lithological layer. Like the results of the abovementioned models, flood occurrence probability decreases with the increasing of monsoonal rainfall and NDWI and reducing of NDVI. Analyzing the relationship between flood occurrence and LULC, agricultural lands had experienced a large number of floods. The final FSM developed applying the CP model is displayed in Fig. 6e . 
Flood-Susceptible Zones
Classification of flood susceptibility index into different classes is necessary for the description and interpretation of spatial flood estimation [61, 92] . Finally, each FSM was classified using Jenk's natural break classification method into five susceptibility classes, namely, very low, low, medium, high, and very high (Fig. 6a-e) .
The relative distribution of percentage of flood locations in different flood susceptibility classes for each model is represented in Table 6 and Fig. 7 . Based on FSM prepared by the FR model, 9.61, 8.07, 9.86, 26.52, and 45.94% of the total area of Bansloi watershed are covered with very high, high, moderate, low, and very low susceptibility classes, respectively (Fig. 6a) . According to FSM developed by the WoE model, the highest area (33.93%) was dedicated to very low susceptibility class, and 11.69% of the basin has very high susceptibility to flood, although low, moderate, and high classes enclosed 31.61, 14.61, and 9.16% of the total area, respectively (Table 6 ). The SE model estimated 9.47% areas is very high flood susceptible, and high, moderate, low, and very low classes occupied 8.62%, 14.15%, 42.23%, and 25.52%, respectively. For the CF model, the very high, high, moderate, low, and very low classes devoted 11.17, 10.41, 16.92, 31 .03, and 30.48% of the total area, respectively. Correspondingly, in the CP model, 10.99, 9.68, 11.50, 23.51, and 44.33% of the study area were attributed to the same susceptibility classes as above (Table 6 ). Among these probability models of CF predicated larger coverage of high and very high susceptibility classes (21.58%) than other methods (Table 6 ).
Model Validation and Comparison
The ROC curve and seven statistical diagnostic tests such as precision, sensitivity, specificity, accuracy, RMSE, MAE, and kappa were calculated to compare the probabilistic models using training (Table 7) and validation (Table 8) datasets. In the training dataset, the CF model had the greatest execution (Table 7) . After evaluation of model performance using training dataset, the FSM also evaluated using validation dataset for prediction probability (Table 8 ). It is clear that all the models had good prediction capacity. The highest precision, sensitivity, specificity, accuracy, and kappa values were acquired by the CF model, and the values are 0.953, 0.932, 0.952, 0.942, and 0.884, respectively (Table 8 ). The kappa index ranged from 0.814 to 0.884 indicating almost perfect agreement between estimation and observation [8] . The RMSE value is the highest for the CF model (0.235), and the CP model achieved the highest MAE value (0.037). The lower value of RMSE and MAE indexes reveals better acceptability.
The receiver operating characteristic (ROC) curve was employed for validation of FSM utilizing training datasets (success rate curve for flood existence) and validation datasets (prediction rate curve for potential flood event). In the case of success rate curve (using training dataset), the CF model displayed the highest AUC value of 0.928 followed by the WoE (AUC = 0.914), CP (AUC = 0.898), SE (0.889), and FR (AUC = 0.868) models (Fig. 8a) . The standard error is also the lowest for the CF model. The success rate method was used considering the training flood location, and based on these training datasets, the flood susceptibility models were prepared, so the success rate is not an appropriate method for evaluating the prediction capacity of the models. Still, this method helps to decide how well the FSM coincides with the areas of existing flood event [62] . The prediction rate clarifies the predictive power of future flood occurrences. This method was widely used as a rate of performance of a predictive rule [59] . The result of prediction rate curve reveals that the CF model (AUC = 0.926) is relatively better than the CP (AUC = 0.907), WoE (AUC = 0.898), SE (AUC = 0.872), and FR (AUC = 0.840). The success and prediction rate curves displayed uniform result, and these models were employed in this study exhibited reasonably satisfactory accuracy for the prediction of flood susceptibility (Fig. 8a, b) . Hence, the CF model has the best credibility to produce flood susceptibility map in the study area. To manage the problem for combining the different data layers and the heterogeneity and uncertainty of the input data, the CF method is one of the possible proposed favorability functions [22, 64] . The consistency of FSM for each model further assessed through flood density evaluation which shows the association between actual flood densities under each flood susceptibility class. The analyzed result shows a reasonable performance regarding predicting flood risk as shorted in Table 6 . The flood density is more in high flood susceptibility zones, and it varies from 6.94 to 8.15. On the other hand, very low and low flood susceptibility classes have 0 to 0.2 flood density values.
Discussion
Mainly in the flood-prone areas, the methods of flood susceptibility mapping display a significant task in delivering an appropriate approach to authorities and decision-makers. [86] , and Termeh et al. [96] , efficiently used the FR model in flood susceptibility mapping. Among them, Lee et al. [48] and Rahmati et al. [77] indicated that the FR method is appropriate method for predicting flood mapping. In contrast, Siahkamari et al. [86] and Termeh et al. [96] denoted that FR is not an appropriate method like the machine learning methods. In this work, the FR, WoE, SE, CF, and CP methods were used for demarcating flood susceptibility and compared with them. The geo-environmental factors like elevation, slope steepness, drainage density, distance from the river, plan curvature, topographic wetness index (TWI), stream power index (SPI), average monsoonal rainfall, normalized difference vegetation index (NDVI), normalized difference water index (NDWI), lithology, and land use/land cover (LULC) were taken into account for the purpose of the flood-susceptible mapping in the Bansloi River basin. The LVQ result shows that these factors are well important for stimulating flood hazard. The outcomes of the probabilistic models, e.g., FR, WoE, SE, CF, and CP maps are, respectively, 9.61%, 11.69%, 9.47%, 11.17%, and 10.99% areas (Fig. 7) of the basin, fall under the very high susceptibility of flood. Based on these findings, it can be recognized that the high susceptibility zone explained by the WoE method is forecasting maximum percentage of the flood area. Moreover, the reliability of the results of five susceptibility maps was validated based on the surveyed flood point and utilizing the area under the curve (AUC) of the receiver operating characteristic (ROC), RMSE, kappa, and other statistic evolution measures. A flood inventory map has been constructed contemplating the multiple field works and Google Earth Images. Out of the 206 floods, 144 (70%) locations have been used for training data, and the remaining 62 (30%) were applied as validation data. Compared with these earlier studies (e.g., [29, 77] ), the utilized methods, i.e., FR, WoE, SE, CF, and CP, in this study are proving better performance in the construction of FSM. According to the performances, we suggest that all five models (specifically CF and CP) can be used in flood studies, as they are capable of fabricating flood-susceptible maps for mitigating the hazard and management planning (Fig. 9) . There are little disparities in result among these susceptibility maps derived by these models. However, as per the AUC, RMSE, kappa, and other statistical evolution measures, the CF model is affording better outcomes than the CP, WoE, SE, and FR models. Additionally, the CF model is promising and satisfactory to be advised as a model to construct flood susceptibility map at regional scale.
Conclusion
Mitigating flood hazard and management planning plays a crucial role in sustaining biotic society and economic world. The necessity of having a precise, trustworthy, and consistent technique to distinguish the flood-prone areas provoked the researchers to evaluate the capability and competence of several models in order to resolute the flooding losses. The sensitivity of flood initiates and accelerates due to the connection of various anthropogenic, physical, and climatic factors that influence the hydrological behavior. Therefore, the present work started with adopting twelve relevant conditioning factors over the study area to assess the severe flood risk zones based on the five probabilistic models. At the end, some statistical measures of accuracy and performance assessment were employed in order to check and compare the reliability of model performance. The measures display that compared with the FR, SE, and WoE models, the CF and CP models are better fitted specifically for the present watershed. The results of FSM quantify that on average about 11% of the basin falls under very high flood vulnerability. Therefore, to prevent the collapse of economic structure and socio-economic displacement among the basin dwellers, more specific and realistic flood mitigation measures should be employed. To conclude, it can be said that the CF, CP, and also WoE models could be effectively functioned for spotting the flood vulnerable regimes of Bansloi River basin, and the derived results of this work can be supportive for planners for hazard and disaster management planning.
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